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A Combined Forecast Scheme of User-Based and
Item-based Collaborative Filtering Using Neighborhood Size

In-Bok Choi' - Jae-Dong Lee"

ABSTRACT

Collaborative filtering is a popular technique that recommends items based on the opinions of other people in recommender systems.
Memory-based collaborative filtering which uses user database can be divided in user-based approaches and item-based approaches.
User-based collaborative filtering predicts a user's preference of an item using the preferences of similar neighborhood, while item-based
collaborative filtering predicts the preference of an item based on the similarity of items. This paper proposes a combined forecast scheme
that predicts the preference of a user to an item by combining user-based prediction and item-based prediction using the ratio of the
number of similar users and the number of similar items. Experimental results using MovieLens data set and the BookCrossing data set
show that the proposed scheme improves the accuracy of prediction for movies and books compared with the user-based scheme and

item-based scheme.
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Algorithm MakeSimMatrix
* Input: User-Item Matrix K; the number of users mj
the number of items n
*  Qutput: User Similarity Matrix USim, Item Similarity]
Matrix ISim

1 fora<« 1 tomdo

2 for b < 1 to m do

3 USim(a,b) < Sim(ab) using formula(1)
4 end for

5 end for

6 fora< 1tondo

7 for b < 1to ndo

8 ISim(a,b) < Sim(a,b) using formula(1)
9 end for
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o] A A ¥ SUR(ui)={us | €U and r,;# J and
sim(u,a) = threshold} %+,

SUR(ui)~{uy, | wEU and 1,9 and sim(ua)=
similarity of the k™-nearest neighbor}

ol %otold R SIR(ui)={is | LkEI and r,,*@ and
sim(i,a) = threshold} ==,

SIR(u,i)={ix | ;€] and r.,,# 2 and sim(i,a)= similarity
of the k'"-nearest neighbor}

olFA frAtx wjER 26t ALgal-olol§] WEYLE o
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10 _end for A48} MakeNeighbors 22| Z & g3} 2},
(a) User-Item Matrix (b) USim Matrix (c) ISim Matrix
User 128 4 - i5 tor ul u2 u3 ud us ftem i 20 3 g b
ul 1 4 4 3 4 ul 1 0 0.57 086 0.94 il 1 086 086 -0.20-0.50
u2 3 @ 5 1 1 u2 0 1 1 -1 0.65 i2 08 1 1 057 050
u3 @ 4 4 3 3 w3 057 1 1 1 1 i3 (086 1 1 -0.57-0.94
ud 3 5 © 4 4 ud (086 -1 1 1 098 i4 |-0.20 057 -057 1 093
us 2 5 5 3 7 us (094 065 1 098 1 i5 |-0.50 0.50 -0.94 093 1
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Algorithm MakeNeighbors
« Input: User-Item Matrix R; Similarity Matrix USim
and ISim;
threshold (of k™ nearest neighbor) th: user u
item 1
+ Output: User's Neighbors Array UserNeighbors;
Item's Neighbors Array ItemNeighbors

1 fora< 1tomdo

2 if USim(u,a)=th and R(a,i)# @ then
3 Insert a into UserNeighbors
4 end if

5 end for

6 for b« 1tondo

7 if ISim(i,b)=th and R(ub)= @ then
8 Insert b into ItemNeighbors
9 end if

10 end for

MakeNeighbors 2| Fel M o] 2AHEAE A
9lated ALEAFALE7E Al gk(threshold) °)/dola o %3}
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epr(u,i) = wxupr(u,d) +(1—w) < ipr(u,i) (4)

_ n(SUR(u,7))
Y R (SUR(u,0)) +n(SIR(u:1))

(5)

F4 @A cpr(ui)e AF dFaolx, upr(ui)e A
A7)k dlZgkolw jpr(u,i) ofo] W7k o Fgtolth. F4
BN n(SUR(ui))e A& A oA o] 2AEA e
ot n(SIR(ui))e olgotoldle] Fojct. o] FA AL
7wk} ofolelv)uke] & te ARG HF AFHUS A
A8+ CombinedForecastd 25 th&3 2t

Algorithm CombinedForecast
+ Input: User-Item Matrix R; User Neighborhood Array|
UserNeighbors;
Item Neighborhood Array ItemNeighbors; user
u; item i
*  Qutput: Predicted Rating Value P,;

1 un < size of UserNeighbors

2 in < size of ItemNeighbors

3 o < un/luntin)

4 fora<« 1toundo

5 calculate upr(u,i) using formula (2)
6 end for

7 for @« 1to indo

8 calculate ipr(u,i) using formula (2)
9 end for

10 epr(u,i) = wxupr(ui) + (1- @ )xipriu,i)
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AA 10 &),

4. 45 Yt

2 oA 3FolA AL AfFdE7He] A7
9 ofolely|uke] oF7|YRT} oF AFo] $5EFE Kol
7] 913ted MovieLens Hl°olE] A3 BookCrossing Hl°]€]
1§ o] g3l APL FAsa, FAZYATRT oj%e] 2
7)ol e oEe] Adsg vln Prisd

41 AE wy
2 =BoA Aok AfAS V1Mo A5e B 9



60 ZEMeIFZI=FXIB M16-BT M1=(2009.2)

-
w W

sssas O W0
-

-
~
w
s
o

6 7

10
Training data

- Testdata
;

(38 3) 10-fold MXHZ Hl0JE FE o YUY

8ta] GroupLens Research Groupell] 4% & MovieLens H|
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AFe AAAYFL K2 yE F, IE 4838z g
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# 5 Pagos BF ARE AFee 71geldh £, 3
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ratingE2 7 foldo #4tste] x|t

B =FdA FAF 10-fold XAHF dole I (2
Y 3)3 2. 9A rating HelEE AMEA-ctold £o2
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dRZEd 17108 fold7hA A2 AF]leh 10789 fold
% 9719] foldE ¥¥(training) Hlol8 P22 s 1749
foldg& B7Htest) Hole FFoz At

MovieLens o8] Al ofo|glol] tiste] 1759 H7}gke]
Fojsjo] 9l BookCrossing HolE Al ofe]qel thsto
17108 H7hgke] ¥-o5o] glopg B =RdiaE o=
o] A¥=E Hrtsr] 945t MAE(Mean Absolute Error)
g AHE3T. MAEE AHEAL Hoidt Az Hrigkst #3
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e oz 4 (63 2ok

i} lp, =l

MAE="1 (6)
m
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o3 AAE dFgtelw, ne AHEAZL Bk Hrhgteldh

%, MAE= n7lie] ofolgdo] digt d&atst BH7hgke] Ao
(error)®] H#E oju]gc),

2 =RdAE FAE 53 WHoE do&ddAFE
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#BAF} 2R7FAR ] T2 2HE Yehl ey, 239
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42 A8 #nf

WA, MovieLens @o|E] Ale] tjsto] ApE-a}7]4h ofo] gl
719 &3 B =FoA Ald AfdSl diFd Hee
A3stdet. FAHE YA gt(threshold) & 0114 1744 0.14
Z7H 71 A MAEGHS 4% 43 (29 4)9) 22 249
g 4% FFHoE RAEYARC] FEFE 4245
o] FolxE ZAFE ® FAEYAZ) o= AL
o Ze Feld olx9 F71 B zled, oj%q A7|E
Z7HN2ETE 4345 Y9 F ddn J4E F U
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